Abstract
Introduction
Translational research includes prediction of clinical outcomes, such as patient prognosis and duration of response to treatment, from available evidence. Therefore, improvements in predictive ability can potentially refine the clinical decision making and offer significant benefit to the patients.
The data currently used for prediction are mostly produced from novel high-throughput methodologies. The datasets generated by such methods are high-dimensional, such as microarray gene expression, genome-wide single nucleotide polymorphisms (SNP) and genome-wide methylation profiling data. This trend intensifies the pressure on the bioinformatics community to develop appropriate tools for data manipulation, analysis, and interpretation.
Multiple such tools are being developed and the corresponding publications present the theoretical background and evaluation of each tool, as well as the significance of the results. However, an important but often neglected aspect is a clear description of the workflow of the experiment. Adequately described workflows would facilitate reproduction of the experimental process and enhance comparability of different approaches to the same problem. This paper describes a workflow applicable to the task of prediction. It is based on our experience with genomewide SNP based prediction of a clinical outcome in non-small cell lung cancer (NSCLC) and the challenges associated with it. We have utilized the Affymetrix® Genome Wide Human SNP Array 6.0, the Affymetrix® Genotyping Console (AGC) software, the software PLINK 1 for feature selection, the Bayesian rule learning (BRL) system 2 and the Unix command line tools. The workflow can be used with alternate methods for experimental data acquisition, data processing, feature selection and predictive modeling tools. BRL has been used successfully for prediction of disease state based on proteomic and gene expression data, 2, 3, 4 but, to the best of our knowledge, it has not been applied to GWAS data.
Background
Lung cancer is the leading cause of cancer related mortality in both sexes in the US and non-small cell lung cancer (NSCLC) accounts for 85% of cases. The 5-year survival for all stages of NSCLC is 17% but it is better for cases detected when the disease is localized (stage I). 5 For these patients standard treatment is surgery. However in 30-40% the disease will relapse and their disease-free time will be shorter, hence they might benefit from adjuvant chemotherapy (ACT). Selection of patients for ACT is currently based on clinical parameters.
Efforts at identifying consistent prognostic molecular markers for recurrence or survival have used gene expression signatures, 6 SNPs, 7 miRNA 8 and methylation profiling. 9 The standard survival analysis uses Cox regression modeling but typically in high-throughput data, a feature selection step is used for initial filtering of the available predictors. Analysis using candidate gene SNPs or genome-wide SNPs is of particular interest given that genotypes might be considered more stable in time than gene expression.
Data mining methods are useful techniques for prediction of phenotypes such as disease or health states from highdimensional "omics" data. A particular method that has been applied successfully is the Bayesian rule learning (BRL) system, which uses a Bayesian score to construct Bayesian networks and to learn probabilistic rule models 2 from them. The models produced are easily interpretable by the biomedical scientist and have been shown to have fewer markers and equivalent or greater classification performance in comparison to models derived from other rule learning methods. 2, 3 In this paper, we develop and apply a novel workflow that permits the application of BRL to a genome-wide SNP dataset generated for early stage lung cancer survival prediction.
Methods
Our workflow is presented in Figure 1 and each step is described in detail in the following paragraphs.
Dataset: A total of 86 tumor samples from de-identified patients with completely resected stage I NSCLC were genotyped at the University of Pittsburgh Cancer Institute (UPCI) Cancer Biomarkers Facility with the Affymetrix Genome Wide Human SNP Array 6.0 which genotypes 10 6 SNPs. Clinical variables for the patients were made available from the UPCI. Duration of follow-up of patients was until recurrence or at least 1000 days if no recurrence. As endpoint for our modeling the disease free survival (DFS) was chosen, defined as the time until recurrence occurred or until the end of follow up if no recurrence occurs.
A database can be used instead of a spreadsheet to store patient identification numbers, clinical data, samples identification numbers for any type of sample available for each patient and information pertaining to the samples quality. Such a database can be built on SQLite and facilitates data handling, especially when multiple types of highthroughput data are available for the same patient cohort.
In biomedical data mining, a typical task entails the learning of a mathematical model from gene expression or protein expression data that predicts well the phenotype such as disease or health. Such a task is called classification and the model that is learned is termed a classifier. In data mining, the variable that is predicted is called the target variable (or simply the target), and the features used in the prediction are called the predictor variables (or simply the predictors). The BRL takes continuous or categorical variables as input (potential predictors), but the target variable must be categorical, therefore we classified the lung cancer patients into two categories. We used the 3rd quartile of the distribution of the patients' DFS as a cut-off point to designated one group as having "poor" survival and the other as having "good" survival. When analyzing survival, transforming continuous values to discrete intervals represents a trade-off; however, discretization based on established clinical criteria provided by the investigator can help ameliorate this. The investigator can also subjectively assess the sample size requirements, the phenotypic parameters and the length of follow up needed for the model.
Genotyping:
The image files (.DAT) produced by the SNP chip were processed with the AGC software and transformed to intensity files (.CEL). Automatic quality control (QC) of intensity characterized 19 samples as "out of bounds" and the number of samples for further analysis was reduced from 86 to 67. Genotyping of the "in bounds" samples was performed with the AGC.
Feature selection: For the initial feature selection stage we used PLINK, a widely used software for analysis of genome-wide SNP data. 2 Genotypes produced by the AGC are stored in the .CHP file format that is not readable by PLINK. The AGC can export the data to the PLINK format, but this requires that at the time of genotyping the attribute files (.ARR) have been created, containing the phenotypes of interest. However that might not be the case, especially when dealing with cancer survival data instead of a health/disease phenotype, where the collection of samples for genotyping might occur at a fairly short period (e.g. 2 years) while the clinical data to be analyzed with the genotypes might take a longer time (e.g. 3 years). Another case for missing phenotypes at the time of genotyping might be strict blinding, as could be the case in samples procured in the context of a double-blind clinical trial. In this case the genotypes can be exported from AGC as text files (.TXT) and be processed with UNIX scripts to create the format necessary for analysis with PLINK, with a dummy phenotype. Testing can then be performed when the appropriate phenotype is made available. A script for the conversion of Affymetrix genome-wide SNP data to the PLINK format with a dummy phenotype when the attribute files are missing, and a small example dataset are available for download from the Software tab at the website http://www.dbmi.pitt.edu/probe/ . We used PLINK for per sample and per SNP QC. Samples were checked for discordant sex info and genotyping failure rate and we assumed no related individuals or population stratification. We excluded markers with call rate <95%, minor allele frequency <5%, and deviation from Hardy-Weinberg expectations ≤1e-6. After QC, one sample and 281,544 SNPs were removed (66 samples and 628,078 SNPs were retained). PLINK options for association testing include the chi-square for alleles or for genotypes, the Cochrane-Armitage trend test and logistic regression. These tests can be used with alternative phenotypes, facilitating the study of multiple aspects of the available data. We used the genotypic test and from the results we selected the 100 SNPs with the smallest p values for the BRL models construction. PLINK can be used to derive a file (.RAW) containing a dataset that will include all samples but only those SNPs that we have selected and the chosen phenotype. In this file, the genotypes for each SNP are coded as categories, where 0 is the major allele homozygous state, 1 is heterozygous, 2 is the minor allele homozygote and 3 is the missing value. At this point a simple transformation (removal of the pedigree columns and moving of the phenotype column at the end) using the UNIX command line tools will get the file ready for BRL.
Prediction:
The prediction phase consists of training and testing of the model. During training the rules are learned on the complete dataset using rule-based classifiers and in the next phase they are tested with 5-fold cross validation. Various settings for classifier-parameters can be used and the cross validation can suggest which parameter settings for the classifier would result in more general models.
Rule Learner (RL), a knowledge-based rule induction tool is one such classifier used to learn a rule-model. 10 The Global (GBRL) and Local Bayesian Rule Learner (LBRL), the other tools used in our analysis, induce a Bayesian network from a given dataset. Bayesian rules that predict a categorical target are inferred from this network. The Global Rule Learner generates a parsimonious rule model, which examines all combinatory values of the conditional probability table of the Bayesian network. 2 The Local Rule Learner used here is a generalization of the Global Rule Learner that finds a decision tree representation of the Bayesian network.
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Results
The results from the 5-fold cross validation from three types of rule-based classifiers in the BRL+ system are presented in Table 1 . RL generates 16 rules comprising of 14 variables representing SNPs. GBRL generates 48 rules selecting 3 variables. Out of the 3 variables, GBRL has only one variable in common with RL. LBRL generates 30 rules with 4 variables. LBRL has only one variable in common with RL and no variable in common with GBRL. 
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The good performance observed over cross-validation of the rule-based classifiers suggests that under the limitations of the dataset and our assumptions, the model should generalize well. The rules with the high coverage of the training dataset can be examined further for biomarker discovery.
Conclusion
We have applied BRL to predict early stage lung cancer survival from genome-wide SNP data. We presented our empirical workflow, SNPR, which efficiently overcomes the challenges associated with the predictive modeling of such large-dimensional SNP datasets. Limitations of our work include the non-standard treatment of survival and not including as covariates clinical variables (e.g., age) known to significantly affect survival. This case study presents a specific workflow to a commonly present challenge in various laboratories researching biomarkers to assist in early detection, monitoring and prognosis of disease. However, our workflow can be easily generalized and adapted to other experimental platforms and data mining tasks needed for biomarker discovery applications. Particularly, our results show that it is a feasible and efficient workflow while also yielding SNP-models with high predictive accuracy for lung cancer survival.
